Assimilation of terrestrial water storage (TWS) information from the Gravity Recovery And 1 Climate Experiment (GRACE) satellite mission can provide significant improvements in hydro-2 logical modeling. However, the rather coarse spatial resolution of GRACE TWS and its spatially 
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The Gravity Recovery And Climate Experiment (GRACE) satellite mission provides imperfect models (i.e., lack of knowledge about the processes or simplified model equations) and 38 uncertainties in input and forcing data (Vrugt et al., 2013) . Data limitation (both on temporal 39 and spatial scales) also plays a substantial role in land hydrological modeling, especially for 40 closing the water balance that requires reliable information about all storage compartments 41 from which that of groundwater is very challenging. In this regard, GRACE TWS estimates 42 are of great importance since they can be used through data assimilation to constrain the 43 vertical summation of water storages (including groundwater) in the models.
44
Data assimilation is a technique to incorporate observations into a dynamic model in order hydrological studies, different in-situ measurements (e.g., river discharge and soil moisture) 49 have been assimilated into models (Liu et al., 2012 ) to improve their estimates of different 
52
The application of remotely sensed data in data assimilation for hydrological purposes has 53 gathered interests in the past few years. This is especially due to the increased development and has also investigated the possibility of using GRACE data to improve hydrological models (e.g., 
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GRACE data with a suitable coverage, both temporally and spatially, provide a unique 65 opportunity to study water storages in lands on global and regional scales. The mission now 66 provides 15 years of data with a global coverage, which provides the chance to study seasonal to 67 decadal changes in TWS. Before using GRACE TWS in any assimilation framework, however, 68 there are some important aspects which should be considered such as the temporal and spatial 69 resolution mismatch between GRACE observations and model simulations, as well as existing 70 spatial and temporal correlations in the time series of GRACE TWS and model simulations.
71
Its spatial resolution is limited to a few hundred kilometers depending on the signal strength 72 and the inversion technique applied to recover time-variable gravity fields (Schmidt et al., 73 2008). This coarse spatial resolution exists in both GRACE level 2 solutions provided in 74 terms of spherical harmonics potential coefficients or mass concentration (mascon) solutions.
75
Although mascon is provided on a finer spatial scale (e.g., 0.5 • ), the native resolution of the 76 data is smaller (e.g., 3 • ; Watkins et al., 2015; Wiese, 2015 
87
Data assimilation as an inverse problem uses the covariance information of model simula-88 tions and observations. Significantly correlated errors yield covariance matrices that are bad 89 conditioned or not invertible leading to inefficiency in filtering process during data assimilation.
90
Due to the lack of information (or to enhance computations), the decision of uncorrelated data
91
(Gaussian error for observations) is often made to deal with this problem, which can be realis-92 tic when observations are denser than models' grid, e.g., independent grid points of neighbours 
96
In this regard, it is necessary to precisely consider the full GRACE error covariance for different 97 spatial resolutions in data assimilation applications especially where the model spatial scale is 98 finer than GRACE TWS, and the existing correlations in the observations are problematic (see 99 e.g., Schumacher et al., 2016) .
100
Most of the previous studies assimilated GRACE TWS (e.g., grid-based or basin aver-101 aged) into models while assuming white noise (i.e., uncorrelated observations). This, for basin 102 averaged applications, might be justified to some extent as the spatial averaging of TWS ob-103 servations adds up the non-Gaussian noise distributions and generates a mixture that is closer ploying GRACE data in a higher spatial resolution while keeping the GRACE error covariance 113 matrices reasonably well conditioned. Girotto et al. (2016 Girotto et al. ( , 2017 
126
In the present study, we extend the works above by employing a Local Analysis (LA) tech- 
162
The remainder of this contribution is organized as follows: in Section 2, the GRACE 163 TWS data, W3RA, and in-situ observations are introduced. The SQRA filtering scheme used 164 for data assimilation, ensemble inflation, and the applied localization method are described in storages (e.g., using hydrological models) is necessary to manage water resources in this region.
197
TWS changes from GRACE are gridded into the spatial grid resolutions of 1
and also a basin scale for 12 major Australian drainage divisions and river basin (cf. Figure   199 1). As a number of studies have used basin averaged GRACE TWS for data assimilation (e.g., 
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After removing temporal averages of in-situ groundwater time series, the anomaly time series 255 are used in this study to assess W3RA estimates after the assimilation process.
256
Further result assessment is done using in-situ soil moisture measurements. These datasets 'f' stands for forecast and 'a' stands for analysis). The model state forecast error covariance of 282 P f is defined by:
whereX f is the ensemble mean and can be calculated using,
Forecast ensemble of anomalies,
, is the deviation of model state ensembles 285 from the ensemble mean, 
After a few simplification steps (cf. Evensen, 2004) , A a can be obtained by,
where Σ and V are calculated using singular value decomposition of A f (A f = U ΣV T ). Γ 301 refers to the singular value decomposition and Θ is a random orthogonal matrix (e.g., the right 
with X f representing the new forecast state, which contains the inflated ensemble perturbation.
319
A further solution when dealing with a limited ensemble number is the application of lo- is used to achieve the local forecast state vector X f mn in Equation 9 using a linear operator
At the specific grid point of (m 0 , n 0 ), X 
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FIGURE 3
We can now assess the behaviour of LA on data assimilation when the full error covari-420 ance of GRACE is used for the different applied spatial scales. Figure 4 shows the estimated (Rodgers, 2000) at the assimilation steps. SIC ( 
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FIGURE 5
It can be seen in Figure 5 that by decreasing the spatial resolution, some information 457 contained within the observations is lost. Therefore, although increasing the scale size (reducing 458 the resolution) might be helpful in dealing with GRACE error covariance, it is at the cost of 459 losing part of the signal. This justifies the application of LA, which allows us to use information 460 with a higher spatial resolution in datasets.
461
As outlined in section 3.1.2, one important effect of LA is underestimating the influences of then measured. Figure 6b shows how LA successfully reduces the correlation coefficients for 472 more distant grid elements but maintains the correlations in the close vicinity.
473
FIGURE 6
The important point to consider when using LA is the removal of some information from the 474 data, which is not desirable. Thus, attention needs to be taken when choosing the localization 475 length to preserve the adequate continuity of analysis on adjacent points (Zeng, 2014). LA 476 length depends on the observation density and can be chosen arbitrarily. After testing different 477 localization lengths, it is found that a small length (e.g., less than 5
can result in large errors even though there would be no inverse problem in assimilation filter. halfwidth length compared to the other applied localization lengths.
485
FIGURE 7
A similar experiment is implemented to find efficient localization length for a basin scale 486 spatial resolution. For each basin, we test different lengths mostly larger than those for grid 487 scales (e.g., 5
• to 15 • with the best performance of 10 • radii in average) and estimate TWS 488 errors using the GRACE TWS data where in-situ measurements are not available for all basins.
489
The localization length with the least error for each basin (Figure 8 ) is used to assess the LA 490 effects at the basin scale and also to compare corresponding results with grid scale resolutions. Afterward, the error time series are computed as the difference between the estimated GW and 499 in-situ GW measurements. We then estimate average errors using these time series for each 500 scenario of data assimilation.
501
The TWS time series of the assimilation process for the case of 3 • is shown in Figure 9a . 508 Figure 9a ) and results in a higher correlation than the open loop time series (85% average).
509
Note that in terms of representing the hydrology, sometimes the estimates do not really depict 510 the signal of the in-situ measurements. In some instances, the error (for no assimilation) is 511 as large as the signal itself. This could be due to the fact that W3RA only simulates the dy- measurements.
517
FIGURE 9
The average estimated error of all GW in-situ stations during the study period for each scenarios. In addition, to be able to monitor the effectiveness of LA, data assimilation is also 521 applied using GRACE-derived TWS and only diagonal elements of its error covariance matrix.
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Results without applying LA (represented in Figure 10 
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FIGURE 10
It can be seen that locally applying the GRACE observations effectively reduces errors for 528 every grid resolution considered in comparison to the uncorrelated observation assumption.
529
This, however, is more obvious for higher spatial resolution (e.g., 3
• and higher) where a large 530 difference between the assimilation results with and without the application of LA can be found.
531
Although LA mathematically solves the inverse problem for using 1 • gridded GRACE TWS GRACE TWS and correspondingly in the assimilation result (cf. Figure 10) . Figure 10 shows 537 that increasing the spatial resolution results in a better estimation when LA is not applied.
538
This error reduction by using a higher spatial resolution is also true when LA is applied but 539 only to the point of 3 • . After this point, errors start increasing, which can be explained by 540 fewer observations used leading to less information content to be transferred to model states.
541
The application of LA, however, reduces the error for all spatial resolutions while in an absolute 542 sense, the smallest errors are obtained for 3 • . Interestingly, this spatial resolution is about the 543 spatial resolution that GRACE can resolve.
544
More detailed results are proposed in Figure 11 and Table 2 in terms of RMSE and cor- dure is also applied to achieve assimilation time series over the soil moisture in-situ stations.
548
Then for all stations, RMSE and correlation factor between assimilation results (for various 549 scenarios) and in-situ measurements are calculated and their averages are used for assessment.
550
Note that considering the difference between W3RA estimations (column water storage) and 
